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FIG. 4
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1
WEBPAGE ENTITY EXTRACTION
THROUGH JOINT UNDERSTANDING OF
PAGE STRUCTURES AND SENTENCES

BACKGROUND

The World Wide Web contains huge amounts of knowledge
that can provide substantial benefits to those who are able to
find desired information. Information extraction is a technol-
ogy directed towards the discovery and management of such
web-based knowledge.

One information extraction task is directed towards
extracting structured Web information of Web objects, typi-
cally comprising real-world entities including people, orga-
nizations, locations, publications, and products. Such Web
object extraction can be used to understand the visual layout
structure of a webpage, including for labeling the HTML
elements of a page with attribute names of an entity, e.g., a
business name for one entity on the page, a business address
for another.

One labeling mechanism that leverages the result of under-
standing the page structure for use in free text segmentation
and labeling is in the form of a joint model employing a
Hierarchical Conditional Random Fields (HCRF) model and
an extended Semi-Markov Conditional Random Fields
(Semi-CRF) model. This joint model is a top-down model, in
which the HCRF model determines the structure in one deci-
sion, and the Semi-CRF model makes use of this structure
decision along with a suitable source of information (e.g., a
gazetteer for location labeling) to make a final labeling deci-
sion.

However, there are drawbacks to this top-down technique.
For example, business names are often difficult to identify on
awebpage with such a model. Any improvement to the under-
standing of webpage content is desirable.

SUMMARY

This Summary is provided to introduce a selection of rep-
resentative concepts in a simplified form that are further
described below in the Detailed Description. This Summary
is not intended to identify key features or essential features of
the claimed subject matter, nor is it intended to be used in any
way that would limit the scope of the claimed subject matter.

Briefly, various aspects of the subject matter described
herein are directed towards a technology by which an iterative
and bidirectional framework processes a webpage to under-
stand one or more entities of the webpage, e.g., to label the
webpage. A text understanding component (e.g., extended
Semi-CRF model) provides text-related data (e.g., text seg-
mentation features) to a structure understanding component
(e.g., extended HCRF model), which uses the text-related
data and visual layout features of the webpage to identify a
structure (e.g., labeled block). The text understanding com-
ponent in turn uses the structure to further understand the text
of the one or more entities. The text and structure data are
provided iteratively to each component until a similarity stop
criterion is met, at which time the webpage may be labeled
based upon the text-related data and structure data.

In one implementation, the text understanding component
processes text within leafnodes of a vision tree corresponding
to the webpage to provide the text-related data. Multiple
mentions of a set of text may be used together, e.g., one
mention of the text occurring in the labeled block, and at least
one other mention occurring in a natural language sentence of
the webpage.

20

30

40

45

55

60

2

Other advantages may become apparent from the follow-
ing detailed description when taken in conjunction with the
drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

The present invention is illustrated by way of example and
not limited in the accompanying figures in which like refer-
ence numerals indicate similar elements and in which:

FIG. 1 is a representation of a webpage having an object
block structure and multiple representations of a text string.

FIG. 2 is a representation of a vision tree corresponding to
the example webpage of FIG. 1 that illustrates example con-
nections between an extended HCRF model and an extended
Semi-CRF model.

FIG. 3 is a block diagram representing example compo-
nents of a natural language processing framework that may be
used for labeling webpages.

FIG. 4 is a flow diagram showing example steps that may
be taken to label a webpage.

FIG. 5 shows an illustrative example of a computing envi-
ronment into which various aspects of the present invention
may be incorporated.

DETAILED DESCRIPTION

Various aspects of the technology described herein are
generally directed towards an integrated model for under-
standing webpage structures and processing text, including
text in structures and in natural language sentences within the
HTML elements of a webpage. As will be understood, this is
accomplished via a framework that enables bidirectional inte-
gration of page structure understanding and text understand-
ing, in an iterative manner. More particularly, in one imple-
mentation the Hierarchical Conditional Random Fields
(HCRF) model that understands structure is extended to use
the decision of the Semi-Markov Conditional Random Fields
(Semi-CRF) model that understands text in making its struc-
turing decision, and vice-versa, so that after some number of
iterations (until a suitable stop criteria is met), more inte-
grated page understanding results are obtained. Note that as
used herein, text “understanding” is equivalent to text “seg-
mentation” and “labeling.”

It should be understood that any of the examples herein are
non-limiting. As such, the present invention is not limited to
any particular embodiments, aspects, concepts, structures,
functionalities or examples described herein. Rather, any of
the embodiments, aspects, concepts, structures, functional-
ities or examples described herein are non-limiting, and the
present invention may be used various ways that provide
benefits and advantages in computing and information pro-
cessing in general.

United States Patent Application Ser. No. 20080027969,
and Cai, D., Yu, S., Wen, J., and Ma, W., “VIPS: A Vision-
Based Page Segmentation Algorithm,” Microsoft Technical
Report, MSR-TR-2003-79, 2003, hereby incorporated by ref-
erence, describe a vision-based page segmentation (“VIPS”)
technique that generates a hierarchical representation of
blocks of a webpage. The VIPS technique uses page layout
features (e.g., client region, font, color, and size) to construct
a “vision tree” for a webpage. Unlike the well-known HTML
DOM (Document Object Model) tree, each node in a vision
tree represents a region on the webpage. The technique iden-
tifies nodes from the HTML tag tree and identifies separators
(e.g., horizontal and vertical lines) between the nodes. The
technique thus creates a vision tree that has a vertex, referred
to as a block, for each identified node. The hierarchical rep-
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resentation of the blocks can effectively keep related blocks
together while separating semantically different blocks.

FIG. 1 is a representation of an example rendered webpage
containing local entity information. As can be seen, the
address information of a local business on the webpage in this
example is regularly formatted in a visually structured block,
e.g.,as determined by VIPS technology, in which a first line of
the block contains the business name (in bold font in this
example), the second line contains the street information, and
the third line contains the city, state and zip code. Such a
structured block containing multiple attribute values of an
object is referred to an object block 102 (as indicated by the
dashed bracket). Note that any dashed representations on the
page (as well as the object block label 102) are not part of the
rendered page, but are provided for illustrative purposes.

In general, the known top-down HCRF algorithm and
semi-CRF algorithm operate such that the object block 102 is
detected first, with the attributes within the block labeled
thereafter. While this technique works relatively well for
extracting simple attributes like address information, it tends
to perform relatively poorly on the business name attribute,
(although the business name attribute is typically very impor-
tant for a local search service).

The technology described herein is able to improve the
labeling performance, including that of identifying the busi-
ness name, in part based on a bidirectional, iterative frame-
work for joint optimization (described below), as well as
based upon the repeated occurrences of the business name on
the page (as indicated by the dashed boxes/circles labeled one
(1) through four (4) in FIG. 1). Note that the attributes in an
object block tend to be short isolated strings; the features
extracted to identify the label for such strings are rather lim-
ited making it difficult to identify business names correctly
only with the structure (i.e. visual layout) information and
text features of these short strings (e.g. regular expression and
word emission probability). In other words, the evidence
supporting the decision to label an isolated string as the busi-
ness name is usually not strong enough; e.g., there is rela-
tively little evidence for labeling “Cafe Espresso™ as the busi-
ness name based solely on its appearance in the object block
102.

However, in this example, the business name is mentioned
multiple times in the webpage, including in natural language
sentences outside the object block 102, providing additional
information for labeling all of the mentions of the business
name together, no matter where each appears in the webpage.
Moreover, as described below, entity extraction from
webpages is further improved (with or without such multiple
mentions) as a result of the bidirectional, iterative framework.

By way of explanation of CRF, HCRF and semi-CREF, the
linear chain CRF tags elements in a sequence x with transition
features. The label of the elements in the sequence is defined
by y, such that the conditional probability of y is defined as:

1 9]
plylx) = mtﬁ(yl)f),

where Z(x)=2 ¢(y.x) is the normalization factor to make it a
distribution function. The potential function ¢(y; x) is defined
as:
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where v is a vertex corresponding to a single element and e is
an edge corresponding to a pair of neighboring elements; yl,,
are the components of y associated with the vertex v and yl,
are the components of y associated with the edge e. The k-th
state function is g,(¢) and f,(*) is the k-th transition feature
function; , and A, are the corresponding weights of the fea-
ture functions g,(*) and f,(*) respectively.

HCREF is an extension of the CRF model on graphs, and in
general converts a vision tree representation of a webpage to
a graph by introducing edges between adjacent siblings. FIG.
2 includes an example. The root node represents the webpage,
and the region ofthe parent node is the aggregation of those of
its child nodes. The leaf nodes form the most detailed flat
segmentation of the webpage, and only leaf nodes have inner
text content, e.g., these inner leaf nodes may contain infor-
mation such as a business name. The text content may be
structured text like address lines or grammatical paragraphs,
which contain the attribute values of an entity.

A known junction tree algorithm is used to infer the label of
the vertices on the graph. These vertices correspond to the
vision nodes in the vision tree. Similar to the CRF model, the
conditional distribution of the labels given the observations is
defined as follows:

1 ®
pH|X)= mtﬁ(ﬂ, X),

where Z(x)=2,4(H,x) is the normalization factor to make it a
distribution function, and ¢(H,X) is the potential function of
the label assignment H on the vision tree, having the follow-
ing form:

D g H b X)+ Y MfilH ey X0+ @
vk ek

¢(H, X) =exp
> b H 1 X)
1.k

Note that v and e still represent vertex and edge respectively;
tis the triangle having three vertices and three edges connect-
ing each pair of the three vertices. As represented in FIG. 2,
the shaded squares represent inner nodes and the non-shaded
squares represent leaf nodes; these correspond to v. The pairs
of squares connected by a solid line correspond to e. The
triangles with three squares and three solid lines connecting
each pair of squares correspond to t.

In the potential function ¢(H,X) in equation (4), HI, are the
components of H associated with the vertex v; HI, are the
components of H associated with the edge e; and Hl, are the
components of H associated with the triangle t. The feature
functions on the vertices, edges and triangles are g,(¢), f.(*)
and b,(*) respectively; uk, Ak and yk are the corresponding
weights of the feature functions g,(¢), f,(*) and b,(*) respec-
tively. Main differences between the HCRF and CRF models
include the feature functions b, (*) on the triangles.

Semi-CRF is an extension of the linear chain CRF. As
described above, the segmentation of a text string x is s={s,
Soy v s Spas -« 5 SII}. Let qu(8,,5 8,1, X) be the k-th feature

s P -

function at segment m. The value of q,(s,, S,,_;, X) depends



US 9,092,424 B2

5

on the current segment s,,,, the previous segment s,,_; and the
observation of the string x. Let Ek be the weight of q,(*). The
conditional probability is then defined as:

1 (©)]

pls|x)= %115(5 | x),

where Z(x)=2¢(s,x) is the normalization factor to make
p(slx) a distribution function and the potential function ¢(slx)
is:

©
Pls.x)=exp| D > Edilons snt 1)
m ok

The technology described herein uses the vision tree as the
data representation for the structure understanding, with
X={X|, X3, - - -5 Xp - - - , X yq} Used to denote the entire vision
tree of a webpage. The observation on the i-th vision node is
X,, which can be an inner node or a leaf node. The observation
contains both the visual information, e.g., the position of the
node, and the semantic information, e.g., the text string within
the node. Each vision node is associated with a label h to
represent the role of the node on the whole tree, e.g., whether
the node contains all or some of the attributes of an object.
Thus H={h,, h,, ..., h, ..., h} represents the label of the
vision tree X. The label space of h is denoted as Q.

The text string within the leaf node is represented by a
character sequence. Understanding the text means to segment
the text into non-overlapping pieces and tag each piece with a
semantic label. To represent the segmentation and tagging
over the text string within a leaf node x, s={s;, s, . . .,
S5 - -« 8,51 Bach segment in s is a triple, s,,={,., B> Yo}
in which o, is the starting position; {3, is the end position and
y,, 1s the segment label that is assigned to the characters
within the segment; Ix| denotes the length of the text string
within the vision node x. Segment s,, satisfies O=a.,,<f,,</xl
and o, ,=p,,+1. Named entities are segments that are differ-
entiated from other segments by their labels; the label space
of'y is denoted as Y. The segmentation and tagging of the leaf
nodes in the vision tree are denoted as S={s, s,, . . .,
Sir -5 S5}

Given the above data representation of the page structure
and text strings, the webpage understanding problem may be
defined in one part as the joint optimization of structure
understanding and text understanding. More particularly,
given a vision tree X, joint optimization of structure under-
standing and text understanding attempts to find both the
optimal assignment of the node labels and text segmentations
H, S)*:

(H, $)* = argmaxp(H, § | X). ™
(S.H)

In the technology described herein, this definition is a
primary goal of webpage understanding, i.e., the page struc-
ture and the text content are to be understood together. How-
ever, such a definition of the problem is too difficult because
the search space is the Cartesian product of Q and Y. However,
the negative logarithm of the posterior in (7) is a convex
function, if the exponential function is used as the potential
function, whereby the coordinate-wise optimization may be
used to optimize H and S iteratively. In this manner, the
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6

technology described herein is in part directed towards solv-
ing two simpler conditional optimization problems instead of
solving the joint optimization problem in (7) directly. In other
words, structure understanding and text understanding are
performed separately and iteratively. Formal definitions of
the two conditional optimization problems are set forth
below.

The structure understanding definition basically states that,
given a vision tree X and the text segmentation and labeling
results S on the leaf nodes of the tree, structure understanding
attempts to find the optimal label assignment of all the nodes
in the vision tree:

H* = argmaxp(H | X, S). (8)
H

Structure understanding thus seeks to identify the labels of
the vision nodes in the vision tree. Both the raw observations
of the nodes in the vision tree and the understanding results
about the text within each leaf node may be used to attempt to
find an optimal label assignment of the nodes on the tree.

With respect to text understanding, given a vision tree X
and the label assignment H on all vision nodes, text under-
standing attempts to find the optimal segmentation and label-
ing S* on the leaf nodes:

S§* = argmaxp(S | X, H). €]
s

Text understanding in entity extraction attempts to identify
the named entities in a webpage. The labeling results of the
vision nodes constrain the text understanding component to
search only part of the label space of the named entities. The
labels of the named entities within a vision node are forced to
be compatible with the label of the node assigned by the
structure understanding.

Thus, in sum, the joint optimization problem can be solved
by solving the structure understanding sub-problem and the
text understanding sub-problem iteratively, starting from any
reasonable initial solution. In structure understanding, the S
in the condition is the optimum of the text understanding in
the previous iteration, and in text understanding, the H in the
condition is the optima of the structure understanding in the
previous iteration. The iteration can begin with either the
structure understanding or text understanding, although start-
ing with text understanding is described herein, with the
features related to the label as given by structure understand-
ing being set as zero in the first run of text understanding. In
one implementation, the loop stops when the optima in two
adjacent iterations are considered close enough.

Turning to FIG. 3, there is shown a web natural language
processing (WebNLP) framework 302 that solves the
webpage understanding problem described above. In general,
the WebNLP framework 302 comprises a structure under-
standing component 304 and a text understanding component
306 which process a webpage 308, e.g., from some larger set
of'webpages. In one example implementation, the framework
302 includes or is otherwise coupled with VIPS technology
309 or the like to create the vision tree.

As can be seen from the closed iteration loop between the
two components 304 and 306, the understanding results of
one component may be used by the other component to make
a decision. Note that where the loop begins is not significant,
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however as described above, one implementation starts from
the text understanding component 306.

The structure understanding component 304 assigns labels
310 to the vision blocks in a webpage, considering visual
layout features 312 from the webpage 308 and as well as the
segments (segmented text string) 314 returned by the text
understanding component 306. If the segments of the inner
text are not available, the structure understanding component
works without the segments (and thus may start the loop).

The text understanding component 306 segments the text
(string) 314 within the vision block according to statistical
language features 318 and the label 310 of the vision block
assigned by the structure understanding component 304. The
segmented text string 314 is iteratively fed to the structure
understanding component 304 as described herein. The text
understanding component 306 will work without the label of
the vision block if the label is not available (and thus may start
the loop).

The two components 304 and 306 run iteratively until some
stop criterion is met, e.g., the optima in two adjacent iterations
are close enough. At this time, results 320 are output, e.g.,
labels for the webpage’s entities. Such iterative optimization
can boost both the performance of the structure understand-
ing component and text understanding component.

As can be seen, the HCRF model and the Semi-CRF model
are extended to enable the iterative labeling process, so that
the labeling decision made by HCRF on page structure under-
standing and the decision made by semi-CRF on free text
understanding may be treated as features in both models
iteratively. In the framework, the weights of the natural lan-
guage features may be trained on existing large natural lan-
guage processing corpus to provide suitably accurate text
segmentation and labeling.

To extend the HCRF model and the Semi-CRF model so as
to interact with each other, the HCRF model is extended by
introducing other kinds of feature functions, which take the
segmentation of the text strings as their input. To represent the
feature functions having text strings segmentation input,
e,(HI,, X, S) isused. To simplify the expression, the functions
defined on the triangle represent the functions defined on the
vertex, edge or triangle. As the framework is iterative, the
superscript j is used to indicate the decision in the j-th itera-
tion. Then the potential function of the extended HCRF algo-
rithm in the j-th iteration is defined as:

D g H 1, X) + 10
vk

DI AlH e X0+
ek

B(HI, X, $91) = exp .
D vk H 1, X) +
1.k

> et 1, X, 577
tk

The feature function e,(*) uses the decision of the text
understanding component in the (j—1)-th iteration S,_, as its
additional input. X, is the weight of the feature function e,(*).
The other symbols have the same meanings as in the original
HCRF model described above.
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The conditional distribution function of the extended
HCRF model in the j-th iteration is:

an

p(HI | X, 5571 = B(HY, X, 8771,

Z(X, 57T

where Z(X,§ =2 ,¢(H, X, ¥71) is the normalization factor
to make p(I¥, X, $~') a distribution function.

The Semi-CRF model is extended by introducing both the
label of the vision node and the segmentation results of the
text strings within the vision nodes in the last iteration. There-
fore, the potential function of the extended Semi-CRF model
is:

(12

Z szqu(s{,m—la s i)+
Tk

551,59 wex] B T e b |
T m

Z ZZUkMk(S{;mfl, St X, 8771
iom ok

In equation (12), q,(*) is the statistical language feature
function that was described above with reference to the origi-
nal Semi-CRF model; r,(*) is the feature function considering
the label of the vision node containing the text string, and x,;
u,(*) is the global feature function, which can include the
observation on the whole webpage and the text segmentation
results in the last iteration. For the weights, &, 6, and 1), are
the corresponding feature weights of feature functions q,(*),
r,(*) and u,(*) respectively. The conditional distribution func-
tion of the extended Semi-CRF model can be expressed as:

¢(Sj, X, H, ijl) (13)

SU| X, sy =22 T 2
P71 X, HY, 877) ZX 57T

where Z(X, H, ¥™)=24¢(%, X, , Y1) is the normalization
factor to make it a distribution function.

To integrate the HCRF and Semi-CRF models, FIG. 2
further shows an illustrative example of the connection
between the extended HCRF model and the extended Semi-
CRF model in a webpage generated based on the example
webpage shown in FIG. 1. There are two types of connections
in the integrated model, namely the connection between the
vision node label and the segmentation of the inner text, and
the connection between multiple mentions of a same named
entity.

The connection between the extended HCRF model and
the extended Semi-CRF model is via the vision tree node and
its inner text. The feature functions that connect the two
models are r,(*) in the extended Semi-CRF model and e,(*) in
the extended HCRF model. The feature function r,(*) in the
extended Semi-CRF model takes the labeling results of the
leaf node given by the extended HCRF model as its input. For
example, if a leaf node x is labeled as ADDRESS (which
indicates that x contains and only contains address informa-
tion), then r,(*) will return a positive value only when the
tagging of the text only contain labels such as CITY, STREET
and ZIP. Therefore, evidence from the vision tree node is then
delivered downward to the extended Semi-CRF model via
function r,(*).

The feature function e,(*) in the extended HCRF model
uses the segmentation and labeling results of the extended
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Semi-CRF model as its input. For example, if the text within
anode is segmented to CITY, STATE and ZIP, then e,(¢) will
return a positive value only when the potential label of the
node is ADDRESS. Thus, the evidence from the underlying
text is delivered upward to HCRF via the function e,(*). Such
connections are illustrated in FIG. 2 as the solid bidirectional
arrows marked with r,. Note that each bidirectional arrow
represents both r,(*) (downward) and e,(*) (upward) between
the two models.

With respect to leveraging multiple mentions of an entity,
in many cases, a named entity has more than one mention
within a webpage. Therefore, evidence may be collected from
the different mentions of one same named entity to make a
decision on these occurrences together. The evidence from
the other mentions of a named entity are delivered to the
vision tree node where one of the mentions of the named
entity lies via feature function u,(*) when the extended Semi-
CRF model is working. The feature function u,(*) may intro-
duce the segmentation and labeling evidence from other
occurrences of the text fragment over the current webpage.
By referencing the decision S, ; over the text strings in the
previous iteration, u,(*) can determine whether the same text
fragment has been labeled as an ORGANIZATION else-
where, or whether it has been given a label other than
STREET. By this mechanism, the evidence for a same named
entity is shared among its occurrences within the webpage.
The dashed arrows in FIG. 2 illustrate such connections. In
this example, the vision node 1 and vision node 2 both contain
a mention to one named entity, “Cafe Espresso” with label
“NAME”.

Turning to learning the parameters, given the labeling
results, the extended HCRF model and the extended Semi-
CRF model are independent. Therefore, the parameters of the
two models can be learned separately. The two models do not
interact during the parameters inference stage.

For the extended HCRF model, the parameter learning is
relatively straightforward. In this model, the feature function
set is relatively small. Therefore, it does not need a large
number of labeled samples to train the model, e.g., on the
order to hundreds of samples is typically sufficient. Note that
although the potential of the extended HCRF model has an
additional parameter S, , compared with the original HCRF
model, it still can be trained using the same method as the
original HCRF model by treating S, ; as a part of the obser-
vation of the vision tree. For the labeled training webpages,
S,_, is provided as the labeling result on all the text strings in
the page. Then the parameter learning method for the original
HCRF model is taken on the extended observation.

The parameter learning for the extended Semi-CRF model
is not as straightforward as the extended HCRF model
described above. The statistical language feature functions
q,(*) in the extended Semi-CRF model are mainly the statis-
tics of the language elements (unigrams, bigrams and so
forth), whose number is usually on the order of several mil-
lion. In order to get reasonable weights for these features, in
one implementation the model is trained on a language corpus
that is sufficiently large to avoid bias, e.g., using on the order
of tens of thousands of sentences. However, the labeled
webpages for training the extended HCRF model are usually
too limited for this purpose, e.g. there are usually only a few
hundred manually labeled webpages; the number of sen-
tences that can be used to train q(*) are usually only a few
thousand. Notwithstanding, the number of features other than
. in the extended Semi-CRF model are relatively small, and
their weights can be trained rather accurately with only a few
hundred webpages.
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Other than by expensive manual labeling, this unbalanced
training sample situation can be resolved by introducing an
auxiliary language corpus and train the weights of qk(*) on the
corpus while training the weights of other features on the
hundreds of webpages. Many labeled corpora that are large
enough already exist.

The solution first trains the weights &, of qk(*) on the
auxiliary corpus using the original Semi-CRF model. These
weights &, are then fixed in the extended Semi-CRF model.
Then the weights of other feature functions are learnt from the
labeled webpages. A logarithmic likelihood function was
defined on the training data set D as:

L= Zlog[p(Sj | X, H, 871 14
X

log[o(s/, X, HY, s74)] -
) Zx:{ loglz(x, Hi, 57 |

To simplify the expression, let ¢,(s, ,,_, 5;,/» b/, X. ™)
be the general form of the feature functions and 9§, be the
general representation of the feature weights. Since &, is fixed
after training on the auxiliary corpus, it is excluded from the
concept of §,. Then the gradient of the logarithmic likelihood

over parameter d, is:

PIICFERE S ST (13

=
- > ulsers T W X, 5571
=
X i

o(X, H, 5771, 54)
Z(X, Hi, §i1)

PIIC SRS ST
X i

Elcx, x)

aL
EA

The superscripts j and j-1 are removed because the node
and text are labeled on the training webpages. The second
item E(*) is the expectation of the feature function ¢, under the
current model parameters. Then the L.-BFGS gradient search
algorithm can be used to find the optima.

As described above, after obtaining the parameters of the
models, new webpages may be processed under the WebNLP
framework 302, in which the assignments of the vision nodes
and the segmentations of the text are optimized iteratively. As
represented in FIG. 4, the following example steps are
repeated until the convergence of the assignments is reached.
At step 402, the extended Semi-CRF model generates the
segmentation candidates within the text leaf nodes of the
vision tree using only the available natural language features.
At step 404, the extended HCRF model infers the optimal
label of the vision nodes based on the text segmentation and
labeling results given by the extended Semi-CRF model and
other visual features.

At step 406, the extended Semi-CRF model generates the
segmentation candidates within the text leaf node of the
vision tree using the full feature set, comprising the natural
language features, the labeling results from the extended
HCRF model and the multiple mention features of the same
entities. Step 408 returns to step 404 to iterate, until the
segmentation and labeling results are sufficiently similar in
two adjacent iterations. Note that the extended Semi-CRF
model is first run with only partial features to understand the
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text strings before running the extended HCRF model,
because the language features in the extended Semi-CRF
model are powerful enough to make a reasonable decision,
while the visual features in the extended HCRF model alone
generally cannot provide an accurate assignment.
Exemplary Operating Environment

FIG. 5 illustrates an example of a suitable computing and
networking environment 500 on which the examples of FIGS.
1-4 may be implemented. The computing system environ-
ment 500 is only one example of a suitable computing envi-
ronment and is not intended to suggest any limitation as to the
scope of use or functionality of the invention. Neither should
the computing environment 500 be interpreted as having any
dependency or requirement relating to any one or combina-
tion of components illustrated in the exemplary operating
environment 500.

The invention is operational with numerous other general
purpose or special purpose computing system environments
or configurations. Examples of well known computing sys-
tems, environments, and/or configurations that may be suit-
able for use with the invention include, but are not limited to:
personal computers, server computers, hand-held or laptop
devices, tablet devices, multiprocessor systems, micropro-
cessor-based systems, set top boxes, programmable con-
sumer electronics, network PCs, minicomputers, mainframe
computers, distributed computing environments that include
any of the above systems or devices, and the like.

The invention may be described in the general context of
computer-executable instructions, such as program modules,
being executed by a computer. Generally, program modules
include routines, programs, objects, components, data struc-
tures, and so forth, which perform particular tasks or imple-
ment particular abstract data types. The invention may also be
practiced in distributed computing environments where tasks
are performed by remote processing devices that are linked
through a communications network. In a distributed comput-
ing environment, program modules may be located in local
and/or remote computer storage media including memory
storage devices.

With reference to FIG. 5, an exemplary system for imple-
menting various aspects of the invention may include a gen-
eral purpose computing device in the form of a computer 510.
Components of the computer 510 may include, but are not
limited to, a processing unit 520, a system memory 530, and
a system bus 521 that couples various system components
including the system memory to the processing unit 520. The
system bus 521 may be any of several types of bus structures
including a memory bus or memory controller, a peripheral
bus, and a local bus using any of a variety of bus architectures.
By way of example, and not limitation, such architectures
include Industry Standard Architecture (ISA) bus, Micro
Channel Architecture (MCA) bus, Enhanced ISA (EISA) bus,
Video Electronics Standards Association (VESA) local bus,
and Peripheral Component Interconnect (PCI) bus also
known as Mezzanine bus.

The computer 510 typically includes a variety of computer-
readable media. Computer-readable media can be any avail-
able media that can be accessed by the computer 510 and
includes both volatile and nonvolatile media, and removable
and non-removable media. By way of example, and not limi-
tation, computer-readable media may comprise computer
storage media and communication media. Computer storage
media includes volatile and nonvolatile, removable and non-
removable media implemented in any method or technology
for storage of information such as computer-readable instruc-
tions, data structures, program modules or other data. Com-
puter storage media includes, but is not limited to, RAM,
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ROM, EEPROM, flash memory or other memory technology,
CD-ROM, digital versatile disks (DVD) or other optical disk
storage, magnetic cassettes, magnetic tape, magnetic disk
storage or other magnetic storage devices, or any other
medium which can be used to store the desired information
and which can accessed by the computer 510. Communica-
tion media typically embodies computer-readable instruc-
tions, data structures, program modules or other data in a
modulated data signal such as a carrier wave or other transport
mechanism and includes any information delivery media. The
term “modulated data signal” means a signal that has one or
more of its characteristics set or changed in such a manner as
to encode information in the signal. By way of example, and
not limitation, communication media includes wired media
such as a wired network or direct-wired connection, and
wireless media such as acoustic, RF, infrared and other wire-
less media. Combinations of the any of the above may also be
included within the scope of computer-readable media.

The system memory 530 includes computer storage media
in the form of volatile and/or nonvolatile memory such as read
only memory (ROM) 531 and random access memory
(RAM) 532. A basic input/output system 533 (BIOS), con-
taining the basic routines that help to transfer information
between elements within computer 510, such as during start-
up, is typically stored in ROM 531. RAM 532 typically con-
tains data and/or program modules that are immediately
accessible to and/or presently being operated on by process-
ing unit 520. By way of example, and not limitation, FIG. 5
illustrates operating system 534, application programs 535,
other program modules 536 and program data 537.

The computer 510 may also include other removable/non-
removable, volatile/nonvolatile computer storage media. By
way of example only, FIG. 5 illustrates a hard disk drive 541
that reads from or writes to non-removable, nonvolatile mag-
netic media, a magnetic disk drive 551 that reads from or
writes to a removable, nonvolatile magnetic disk 552, and an
optical disk drive 555 that reads from or writes to a remov-
able, nonvolatile optical disk 556 such as a CD ROM or other
optical media. Other removable/non-removable, volatile/
nonvolatile computer storage media that can be used in the
exemplary operating environment include, but are not limited
to, magnetic tape cassettes, flash memory cards, digital ver-
satile disks, digital video tape, solid state RAM, solid state
ROM, and the like. The hard disk drive 541 is typically
connected to the system bus 521 through a non-removable
memory interface such as interface 540, and magnetic disk
drive 551 and optical disk drive 555 are typically connected to
the system bus 521 by a removable memory interface, such as
interface 550.

The drives and their associated computer storage media,
described above and illustrated in FIG. 5, provide storage of
computer-readable instructions, data structures, program
modules and other data for the computer 510. In FIG. 5, for
example, hard disk drive 541 is illustrated as storing operating
system 544, application programs 545, other program mod-
ules 546 and program data 547. Note that these components
can either be the same as or different from operating system
534, application programs 535, other program modules 536,
and program data 537. Operating system 544, application
programs 545, other program modules 546, and program data
547 are given different numbers herein to illustrate that, at a
minimum, they are different copies. A user may enter com-
mands and information into the computer 510 through input
devices such as a tablet, or electronic digitizer, 564, a micro-
phone 563, a keyboard 562 and pointing device 561, com-
monly referred to as mouse, trackball or touch pad. Other
input devices not shown in FIG. 5 may include a joystick,
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game pad, satellite dish, scanner, or the like. These and other
input devices are often connected to the processing unit 520
through a user input interface 560 that is coupled to the
system bus, but may be connected by other interface and bus
structures, such as a parallel port, game port or a universal
serial bus (USB). A monitor 591 or other type of display
device is also connected to the system bus 521 via an inter-
face, such as a video interface 590. The monitor 591 may also
be integrated with a touch-screen panel or the like. Note that
the monitor and/or touch screen panel can be physically
coupled to a housing in which the computing device 510 is
incorporated, such as in a tablet-type personal computer. In
addition, computers such as the computing device 510 may
also include other peripheral output devices such as speakers
595 and printer 596, which may be connected through an
output peripheral interface 594 or the like.

The computer 510 may operate in a networked environ-
ment using logical connections to one or more remote com-
puters, such as a remote computer 580. The remote computer
580 may be a personal computer, a server, a router, a network
PC, a peer device or other common network node, and typi-
cally includes many or all of the elements described above
relative to the computer 510, although only a memory storage
device 581 has been illustrated in FIG. 5. The logical connec-
tions depicted in FIG. 5 include one or more local area net-
works (LAN) 571 and one or more wide area networks
(WAN) 573, but may also include other networks. Such net-
working environments are commonplace in offices, enter-
prise-wide computer networks, intranets and the Internet.

When used in a LAN networking environment, the com-
puter 510 is connected to the LAN 571 through a network
interface or adapter 570. When used in a WAN networking
environment, the computer 510 typically includes a modem
572 or other means for establishing communications over the
WAN 573, such as the Internet. The modem 572, which may
be internal or external, may be connected to the system bus
521 via the user input interface 560 or other appropriate
mechanism. A wireless networking component such as com-
prising an interface and antenna may be coupled through a
suitable device such as an access point or peer computer to a
WAN or LAN. In a networked environment, program mod-
ules depicted relative to the computer 510, or portions
thereof, may be stored in the remote memory storage device.
By way of example, and not limitation, FIG. 5 illustrates
remote application programs 585 as residing on memory
device 581. It may be appreciated that the network connec-
tions shown are exemplary and other means of establishing a
communications link between the computers may be used.

An auxiliary subsystem 599 (e.g., for auxiliary display of
content) may be connected via the user interface 560 to allow
data such as program content, system status and event notifi-
cations to be provided to the user, even if the main portions of
the computer system are in a low power state. The auxiliary
subsystem 599 may be connected to the modem 572 and/or
network interface 570 to allow communication between these
systems while the main processing unit 520 is in a low power
state.

Conclusion

While the invention is susceptible to various modifications
and alternative constructions, certain illustrated embodi-
ments thereof are shown in the drawings and have been
described above in detail. It should be understood, however,
that there is no intention to limit the invention to the specific
forms disclosed, but on the contrary, the intention is to cover
all modifications, alternative constructions, and equivalents
falling within the spirit and scope of the invention.
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What is claimed is:

1. In a computing environment, a method comprising;

processing a webpage to understand one or more entities of
the webpage by bidirectional integration of web struc-
ture understanding and text understanding, including
understanding text of the webpage into text segmenta-
tion data, using the text segmentation data of under-
standing the text and visual layout features of the web
page to produce webpage structure information includ-
ing a labeled block, and using the webpage structure
information including the labeled block to further under-
stand the text of the webpage including the one more
entities, wherein understanding the text of the webpage
and understanding the structure of the webpage are per-
formed iteratively until an iteration similarity stop cri-
terion is met.

2. The method of claim 1 wherein using the text segmen-
tation data further comprises labeling nodes of a vision tree
representing the webpage.

3. The method of claim 1 wherein understanding the text of
the webpage includes processing multiple mentions ofa set of
text of the webpage, including at least one mention in a
natural language sentence.

4. The method of claim 1 wherein using the text segmen-
tation data comprises providing a feature to a hierarchical
conditional random fields model.

5. The method of claim 1 wherein processing the webpage
comprises processing a vision tree that represents the
webpage, the vision tree including information that relates
text and structures for use by feature functions.

6. In a computing environment, a system comprising;

at least one processor;

a computer readable storage medium communicatively
coupled to the at least one processor and including com-
ponents comprising;

a framework configured to process a webpage to under-
stand one or more entities of the webpage, the frame-
work including a text understanding component and a
structure understanding component for enabling bidi-
rectional integration of webpage structure understand-
ing and text understanding in an iterative manner until an
iteration similarity stop criterion is met, the text under-
standing component configured to provide text-related
data to the structure understanding component for iden-
tifying a structure of the webpage, the structure under-
standing component configured to use the text-related
data and visual layout features of the webpage to pro-
duce a labeled block, the text understanding component
configured to use the labeled block to understand text of
the one or more entities.

7. The system of claim 6 wherein the text understanding
component is further configured to provide the text-related
data to the structure understanding component as a feature
comprising text segmentation information.

8. The system of claim 6 wherein the structure understand-
ing component is further configured to process a vision tree
corresponding to the webpage to produce the labeled block.

9. The system of claim 6 wherein the text understanding
component processes text within leaf nodes of a vision tree
corresponding to the webpage to provide the text-related data.

10. The system of claim 9 wherein one mention of a set of
text occurs in the labeled block, and at least one other mention
of'the set of text occurs in a natural language sentence of the
webpage.

11. The system of claim 6 wherein the structure under-
standing component comprises a hierarchical conditional
random fields model.
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12. The system of claim 6 wherein the text understanding
component comprises a semi-conditional random fields
model.

13. The system of claim 6 wherein the text understanding
component is further configured to segment text of the labeled
block based upon statistical language features.

14. The system of claim 6 wherein the text understanding
component is further configured to provide the text-related
data to the structure understanding component and the struc-
ture understanding component is further configured to pro-
duce the labeled block for use by the text understanding
component over a plurality of iterations.

15. The system of claim 6 wherein the text understanding
component is further configured to detect multiple mentions
of an entity.

16. The system of claim 6 wherein the framework is further
configured to output results comprising labels for the one or
more entities of the webpage.

17. One or more computer-readable storage media having
computer-executable instructions, which when executed per-
form steps to process a webpage to understand one or more
entities of the webpage by bidirectional integration of web
page structure understanding and text understanding, com-
prising:
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(a) generating text segmentation data based on natural lan-
guage data of the web page and, when available,
webpage structure data including a labeled block;

(b) producing webpage structure data including the labeled
block based on visual layout features of the webpage and
the text segmentation data;

(c) repeating steps (a) and (b) until an iteration similarity
stop criterion is met.

18. The one or more computer-readable storage media of
claim 17 wherein step (a) is executed before step (b) to gen-
erate the text segmentation data including when no webpage
structure data is yet available.

19. The one or more computer-readable storage media of
claim 17 wherein generating the text segmentation data
includes using multiple mentions of a set of text, including a
mention in natural language data and a mention within a
structure identified within the webpage structure data.

20. The one or more computer-readable storage media of
claim 17 having further computer-executable instructions,
comprising, after the iteration similarity stop criterion is met,
using the text segmentation data and webpage structure data
to label the webpage.



